Compensatory mutation occurs when a loss of fitness caused by a deleterious mutation is restored by its epistatic interaction with a second mutation at a different site in the genome. How many different compensatory mutations can act on a given deleterious mutation? Although this quantity is fundamentally important to understanding the evolutionary consequence of mutation and the genetic complexity of adaptation, it remains poorly understood. To determine the shape of the statistical distribution for the number of compensatory mutations per deleterious mutation, we have performed a maximum-likelihood analysis of experimental data collected from the suppressor mutation literature. Suppressor mutations are used widely to assess protein interactions and are under certain conditions equivalent to compensatory mutations. By comparing the maximum likelihood of a variety of candidate distribution functions, we established that an L-shaped gamma distribution (␣ ϭ 0.564, ϭ 21.01) is the most successful at explaining the collected data. This distribution predicts an average of 11.8 compensatory mutations per deleterious mutation. Furthermore, the success of the L-shaped gamma distribution is robust to variation in mutation rates among sites. We have detected significant differences among viral, prokaryotic, and eukaryotic data subsets in the number of compensatory mutations and also in the proportion of compensatory mutations that are intragenic. This is the first attempt to characterize the overall diversity of compensatory mutations, identifying a consistent and accurate prior distribution of compensatory mutation diversity for theoretical evolutionary models. T HE number of compensatory mutations that will afpesticide, can often be reduced by compensatory mutafect a specific deleterious mutation is a fundamentions (Schrag and Perrot 1996; Maisnier-Patin and tal evolutionary quantity of which little is known. A Andersson 2004). Finally, the number of compensatory mutation is compensatory if it has a beneficial effect on mutations informs us about the ruggedness of the genofitness that is conditional on the presence of a deleteritype-to-fitness landscape (Wilke et al. 2003) . ous mutation at a different site in the genome (Kimura Because we expect the number of different compensa-1985). Hence, a compensatory effect is the outcome of tory mutations (C) to vary among deleterious mutations a strong epistatic interaction between two mutations. in different genes and organisms, our aim is to characEach compensatory mutation represents an alternate geterize the shape of a statistical distribution of C that netic solution to adaptation; thus, fitness recovery from represents the overall diversity of compensatory mutathe accumulation of deleterious mutations becomes less tion abundance. Presently, almost no direct empirical likely to occur by back mutation when compensatory information on compensatory mutations can be applied mutations are increasingly common (Whitlock and to this problem. Fortunately, experimental screens for Otto 1999). Indeed, one must invoke a compensatory suppressor mutations (Hartman and Roth 1973) are mutation to explain the rapid, stepwise recovery of fitsufficiently abundant to be used for an indirect measure ness observed in mutationally degraded experimental of compensatory mutation diversity. A suppressor mutapopulations (Burch and Chao 1999; Moore et al. 2000; tion literally suppresses the expression of the phenoEstes and Lynch 2003). Compensatory mutations are typic effect of another mutation. When the phenotype also implicated in the persistence of alleles that confer being suppressed is closely associated with fitness, supresistance in populations. The fitness cost associated pressor mutations can be equivalent to compensatory with retaining a resistance-conferring allele in the abmutations. allows us to infer the total number of compensatory
T HE number of compensatory mutations that will afpesticide, can often be reduced by compensatory mutafect a specific deleterious mutation is a fundamentions (Schrag and Perrot 1996 ; Maisnier-Patin and tal evolutionary quantity of which little is known. A Andersson 2004) . Finally, the number of compensatory mutation is compensatory if it has a beneficial effect on mutations informs us about the ruggedness of the genofitness that is conditional on the presence of a deleteritype-to-fitness landscape (Wilke et al. 2003) . ous mutation at a different site in the genome (Kimura Because we expect the number of different compensa-1985) . Hence, a compensatory effect is the outcome of tory mutations (C) to vary among deleterious mutations a strong epistatic interaction between two mutations.
in different genes and organisms, our aim is to characEach compensatory mutation represents an alternate geterize the shape of a statistical distribution of C that netic solution to adaptation; thus, fitness recovery from represents the overall diversity of compensatory mutathe accumulation of deleterious mutations becomes less tion abundance. Presently, almost no direct empirical likely to occur by back mutation when compensatory information on compensatory mutations can be applied mutations are increasingly common (Whitlock and to this problem. Fortunately, experimental screens for Otto 1999). Indeed, one must invoke a compensatory suppressor mutations (Hartman and Roth 1973) are mutation to explain the rapid, stepwise recovery of fitsufficiently abundant to be used for an indirect measure ness observed in mutationally degraded experimental of compensatory mutation diversity. A suppressor mutapopulations (Burch and Chao 1999; Moore et al. 2000;  tion literally suppresses the expression of the phenoEstes and Lynch 2003). Compensatory mutations are typic effect of another mutation. When the phenotype also implicated in the persistence of alleles that confer being suppressed is closely associated with fitness, supresistance in populations. The fitness cost associated pressor mutations can be equivalent to compensatory with retaining a resistance-conferring allele in the abmutations. Suppressor mutations are widely employed sence of the selective agent, such as an antibiotic or in a variety of model organisms to locate and identify functional interactions within or among gene products (Sujatha and Chatterji 2000) . We have surveyed a 1 Jarvik and Botstein 1975) . Articles were selected on the one or more evolving populations. Each study reprebasis of the following criteria:
sents a random sample of the diversity of compensatory mutations. We focused specifically on studies that report i. One or more initial mutations being studied produce a debilitating phenotype that either is known to reduce fitcompensatory interactions within and among proteins, allows us to infer the total number of compensatory
iii. These mutants must be associated with specific mutations mutations, denoted by C. As C increases, the probability by sequencing the initial gene and other genes to which that a specific mutation occurs multiple times in a rancompensatory interactions have been mapped, so that the dom sample declines.
number of occurrences of each compensatory mutation can be tallied. Partitioning mutations into linkage groups
An explicit formula for this probability is obtained alone is insufficient for our purposes.
from a solution of the coupon collector's problem (Read 1998) , which describes the random sampling of bly cause an analysis based on the coupon collector's to glutamic acid (GAA) was reported as being compensated for by a second mutation at the same site, changing that codon to problem to underestimate the true number of sites in alanine (GCA), then that case was removed. Although a novel the genome at which compensatory mutations can ocamino acid is being introduced in this example, there is no cur. Accordingly, we have also developed an alternative possibility for an epistatic interaction between the initial and to the uniform-rates model, in which mutation rates to compensatory mutations. Compensatory mutations were also different compensatory mutations are each drawn from removed if they retained the same beneficial effect when experimentally isolated from the initial mutation. In the termia prespecified statistical distribution. Our likelihood nology of population genetics, such a mutation would be unanalysis reveals that the distribution of C can be conconditionally beneficial rather than compensatory (Wagner sistently and accurately represented by a particular funcand Gabriel 1990). For sets of mutants that shared multiple tion, irrespective of site-specific variation in mutation and recurrent mutations, we recorded the minimum possible rates. We have also detected differences among viruses, number of mutations that could explain the outcome. In addition, we recorded the following information: the study organprokaryotes, and eukaryotes, not only in the diversity ism and gene, the type of initial mutations studied (insertion, of compensatory mutations, but also in the intragenic deletion, nonsense, or missense substitution) and phenotypic localization of compensatory interactions. Taken toeffect, the location of compensatory mutations relative to the gether, these analyses represent the first attempt to charinitial mutation (i.e., intragenic or extragenic), the type of amino acterize the overall diversity and nature of compensatory acid substitutions involved, and the number of back mutants observed. In a few studies, not every gene implicated in commutations and thereby begin to quantify the evolutionpensatory interactions with an initial mutation has been seary importance of compensatory mutation.
quenced by the investigators; such initial mutations are treated as involving localized mutagenesis (see below). Uniform-rates model of mutation sampling: For a given initial MATERIALS AND METHODS mutation, the number of different compensatory mutations (y ) that occur at least once in a sample depends on the number Data collection from mutation studies: We collected research articles from the peer-reviewed literature by performing of mutants sampled (n ) and the total number of compensatory mutations (C ). Note that n does not include the number of searches in the ISI Web of the Science database, based on the key words "second-site," "suppressor mutation," "compensaback mutants (n back ), which are handled separately in our analysis. The probability distribution of y can be obtained from a tory mutation," and "pseudo-revertant," and also from citations of review articles on suppressor mutation (e.g ., Hartman general solution of the coupon collector's problem, if we assume that mutation rates are uniform across sites in the geand Roth 1973) and pioneering experimental studies (e.g ., nome. Thus, the probability of having observed y out of C justed from 200 to 500 for low values of ␣ mut to accommodate the effects of increasing variation in mutation rates. Because mutations by the n th sample can be written as the entire process requires too many calculations to be incorporated into a feasible global-likelihood analysis, we approxi-
for specific values of ␣ that were chosen to reflect the range of values reported in the literature. We con- (Read 1998 ). This probability formula assumes that at least firmed that this Monte Carlo approximation of p(y, n ) conone compensatory mutation has been observed in the sample verges on the uniform-rates model by comparing the predicted (i.e ., y Ͼ 0, n Ͼ 0). Cases where only back mutations have values for increasing ␣ mut . Calculating the likelihood L of a been recovered require a separate probability formula. Assumhypothetical distribution f (C ) with variable mutation rates ing that the back mutation is also as likely to appear in a followed the same procedure as described above for the unisample as any compensatory mutation, the probability that form-rates model. only the back mutation is observed in a sample of n back mutants Maximum-likelihood estimation: The shape of the distribuis simply tion f (C ) is determined by one or more parameters (e.g ., the exponential distribution is defined by a single rate parameter
). It follows that the likelihood L is a function of these parameters. For any well-behaved distribution function assigned to f (C ), specific parameter values that maximize L should exist. When the number of back mutants was not reported, we asMoreover, we expect that a particular distribution function signed as n back the total number of back and compensatory will have a greater maximum likelihood assigned to it than to mutants derived from a different initial mutation in the same other functions. We have tested several candidate distribution study or a conservatively high value (n back ϭ 99) when none functions (e.g ., gamma, lognormal, negative binomial, Cauwas available. Overall, the likelihood L i that a hypothetical chy, Weibull, exponential, and Poisson) to approximate the distribution of C results in the sampling outcome {y i , n i } for actual distribution of C. Continuous distribution functions the i th initial mutation is described by were discretized by numerical integration of the function over the closed interval [c, c ϩ 1], where c is a nonnegative integer value. Each distribution function was renormalized to account We verified that our model conthese summations are defined over the interval (0, ∞), this is verged on accurate parameter estimates by employing an artiimpractical in a numerical analysis and instead we use an ficial data set of y and n values generated from a prespecified arbitrary upper bound value of C max ϭ 100. A total likelihood distribution of C. To discriminate between alternative candi-L for the entire data set is obtained by taking the product of dates of f (C ), we applied Akaike's information criterion (AIC; individual likelihoods L i over i from 1 to N, where N is the Akaike 1973), Ϫ2 log(L max ) ϩ 2p, which penalizes the maxitotal number of initial mutations. mum likelihood (L max ) of a model for the number of parameVariable-rates model of mutation sampling: Relaxing the ters (p ) that it specifies. The distribution function that miniassumption of uniform mutation rates means that we can no mizes AIC is favored for fitting best the data with the fewest longer rely on the coupon collector's problem for an exact parameters. To determine the rate of convergence to our formula of the probability p(y, n ). With variation in mutation parameter estimates, we evaluated likelihood for random subrates, the probability of observing y mutations in a sample of samples of the data set with replacement. n mutants is conditional not only on the total number of mutations (C ), but also on the individual mutation rates to each of C mutations. Because it is unfeasible to calculate an exact RESULTS solution of p(y, n ) with continuous variation in mutation rates, we instead approximated the probability distribution with a
Summary of data collection: After discounting many
Monte Carlo simulation procedure. The simulation was comarticles on the basis of our selection criteria (see materiposed in the C programming language and compiled with Xcode 1.5 for Macintosh. For a given value of C, a correspond-By treating the number of intragenic or extragenic mutants in a sample as a binomial outcome, we can estimate the probability of intragenic compensatory mutation (herein referred to as p intra ) for a given initial mutation. We employed a beta-distribution function to approximate the overall distribution of p intra and estimated the parameter values of the distribution by maximum likelihood. The relative frequency of intragenic mutants in a random sample is best predicted by a U-shaped betadistribution function of p intra with an average E[p intra ] ϭ 0.83 (Table 1) . In other words, on average, 83% of independently isolated compensatory mutants represent a genetic change within the same gene as the initial mutation. The scarcity of intermediate values of p intra suggests that sites that participate in compensatory interactions either within or among gene products tend to be mutually exclusive. Furthermore, we partitioned the data set into viruses, sample of n mutants. Each point corresponds to a unique prokaryotes, and eukaryotes to determine whether p intra initial mutation from which compensatory mutations are subvaries among these taxonomic groups ( average is significantly lower than that expected by chance (P Ͻ 0.01), using randomized subsampling of N ϭ 27 outcomes from the entire data set with replacement. ble effect on our estimate of the distribution of C (data not shown). The overall relationship between the obThere is, however, little difference in E[p intra ] between prokaryotes and eukaryotes (Table 1) . Divergence in the served number of compensatory mutations and the sample size is illustrated in Figure 1 . On average, ‫5.4ف‬ difmodel between prokaryotes and eukaryotes is instead largely caused by differences in variation in p intra . ferent compensatory mutations occurred at least once in a sample of 11 mutants (not including back mutants).
Estimating the distribution of C by likelihood: We applied a model of random sampling-derived from the In the most extensive study (Maisnier-Patin et al. 2002) , a total of 35 compensatory mutations occurred at least coupon collector's problem-to calculate the likelihood of a hypothetical distribution of C, based on the number once in a sample of 77 mutants. Of 129 initial mutations studied, in 27 cases no compensatory mutations of mutations that occur in the random samples of mutant individuals in our data set. This model assumes that occurred in the sample.
Intragenic vs. extragenic mutation: We examined the mutation rates are uniform across sites; in a following section, we examine the effect of site-specific variation frequency of mutant individuals in which compensatory interactions were mapped to mutations within the same in mutation rates. On the basis of maximum-likelihood values calculated from our data set according to the unigene as the initial mutation (i.e., intragenic), instead of another gene (i.e., extragenic). To obtain an unbiased form-rates model, we were able to discriminate among several hypothetical distribution functions for C. In Tameasure of the frequency of intragenic mutants, we excluded cases in which the occurrence of intragenic ble 2, we report maximum-likelihood values and the associated parameter estimates for the five most successmutations in a sample is artificially skewed by an experimental treatment. For example, 33 of 129 initial mutaful distribution functions (i.e., gamma, Weibull, negative binomial, lognormal, and exponential). These distions were subjected to localized mutagenesis (e.g., a gene or segment of the gene containing the initial mutatributions are plotted against C in Figure 2 . Overall, all five distributions have a very similar shape with a mode tion is transferred to a plasmid, which is subsequently mutagenized; Table S1 ), creating a bias for intragenic at zero and a long right tail (Figure 2 ). The highest value of maximum likelihood was obtained for the gammamutations. Five other initial mutations involved the partial or complete deletion of the gene, making intragenic distribution function (Table 2) . After adjusting maximum likelihoods for the number of parameters in each interactions almost impossible. After removing these cases, ‫%87ف‬ (796/1021; Table 1) of the remaining comdistribution function (Akaike 1973), the gamma-distribution function remained the most successful. This dispensatory mutants were caused by intragenic mutations. No. intragenic and no. extragenic columns list the respective frequencies of compensatory mutant individuals, derived from one of N initial mutations in viruses, prokaryotes, or eukaryotes. Cases that involve localized mutagenesis or partial to complete deletion of the initial gene are excluded. Parameter estimates (e.g., ␣ and ␤) for a beta-distribution function, used to represent the distribution among initial mutations of the probability of intragenic mutation ( p intra ), were obtained by maximum likelihood. The mean and negative log-likelihood for each beta distribution are listed in the E [p intra ] and Ϫlog L max columns, respectively. Significance of the taxonomic partition was determined by a likelihood-ratio test ( 2 ϭ 12.98, d.f. ϭ 4, P Ͻ 0.05).
tribution predicts that on average E[C] Ӎ 11.8 compencause the likelihood surface is shallower along the axis ␣ ϭ 1/, and the expectation of the gamma distribution satory mutations are associated with a deleterious mutation. Using a Markov chain Monte Carlo proceis the product ␣. According to the gamma distribution, only 20% of all deleterious mutations cannot be comdure, we obtained estimates for the gamma distribution of the Bayesian 95% confidence intervals for E[C] ϭ pensated for by mutations at any other site in the genome. Moreover, it predicts that over one-third (37%) (8.61, 15.25) . Note that this interval is substantially narrower than what would be predicted from the conof all deleterious mutations are associated with at least 10 compensatory mutations. fidence intervals provided for the individual parameters of the gamma distribution (Table 2 ). This occurs beWe approximated the likelihood surface above the Parameter estimates for each distribution function are followed by their 95% confidence limits (lower, upper). Estimates were obtained by a likelihood analysis of the entire data set under the uniform-rates model, which assumes that mutation rates are uniform across sites in the genome. The mean and variance of the resulting distribution are given under the headings E [C ] and C . Negative log-likelihood (Ϫlog L max ) is minimized by the most successful model, after being penalized for the number of parameters according to Akaike's information criterion (AIC).
a The lognormal distribution exhibits properties of a broad distribution, in that the tail of the distribution exerts such a disproportionate influence on the mean and variance that they assume spurious values (Romeo et al. 2003) . determine how rapidly the maximum-likelihood analysis converges on the final parameter estimates, we randomly subsampled with replacement from our data set tioned analysis. First, there are apparently fewer comand reevaluated maximum likelihood. We found rapid pensatory mutations on average in viruses than in proconvergence to the final parameter estimates with less karyotes or eukaryotes, regardless of which distribution than half of the data incorporated (data not shown).
function is used to approximate the distribution of C From this result, we infer that our data set is sufficiently (Table 3 ). This trend suggests that broad differences comprehensive so that our estimate of the distribution between viruses and higher organisms in genome size of C does not rely on a disproportionate influence of a and gene lengths can constrain the number of possible few outcomes.
interactions within and among gene products. However, Partitioning data by taxonomic group for C: We reapour statistical power in a partitioned analysis is limited plied the taxonomic partition of our data-previously by the availability of mutational data. A randomized used to detect differences in the frequency of intragenic "viral" subset of only N ϭ 44 (Table 3) initial mutations, mutations-to detect differences between viruses, prosampled with replacement from the entire data set, askaryotes, and eukaryotes in the distribution of C. For sumes a mean of E[C] Յ 8.49 with a probability of P Ϸ each data subset, we reevaluated the maximum likeli-0.15. Second, maximum likelihood favors an L-shaped hood for all distribution functions under the uniformgamma distribution for describing mutation data from rates model. Our results from this partitioned analysis both viral (␣ ϭ 0.570, ϭ 14.89) and eukaryotic (␣ ϭ are presented in Table 3 . Partitioning the data produces 0.490, ϭ 27.72) systems (Table 3) . The overall rank a significant improvement in the overall fit of the of the alternative distributions by maximum likelihood gamma-distribution function (likelihood-ratio test 2 ϭ is also fairly congruent between viruses and eukaryotes. 15.70, d.f. ϭ 4, P Ͻ 0.01); the performances of other However, this pattern is not carried over to the analysis distribution functions are also significantly improved of prokaryotic data, for which maximum likelihood fa- (Table 3) .
vors a lognormal distribution (m ϭ 1.860, ϭ 1.559; Table 3 ). In randomized "prokaryotic" subsets of N ϭ We can distinguish two general patterns in the parti-51 initial mutations, maximum likelihood was greater for the lognormal than for the gamma-distribution function with a probability of P Ϸ 0.1. Therefore, there is no reason to believe that the diversity of compensatory mutations in prokaryotes actually follows a different distribution.
Effect of variation in mutation rates: The preceding analyses for the distribution of C assume that mutation rates to different compensatory mutations are equal. Site-specific variation in mutation rates will inevitably cause this uniform-rates model to underestimate the number of compensatory mutations. To evaluate the effects of relaxing this assumption, we have taken two different approaches: (1) removing known sources of sitespecific mutation rate variation from the data set and (2) reanalyzing the entire data set using a variable-rates model. First, we removed any cases from the data in moved from our data set. Removal of these mutations had a small effect on the shape of the gamma distribution (␣ ϭ 0.69, ϭ 16.97) determined by maximum likelidistribution functions, irrespective of what value of ␣ mut is employed in the variable-rates model. In Figure 3 , hood under the uniform-rates model, with an ‫%1ف‬ decrease in the predicted mean number of compensatory these gamma distributions are plotted against C for different values of ␣ mut . As predicted, increasing site-spemutations. The apparent robustness of the distributional estimate to the removal of mutagenic treatments implies cific variation in mutation rates causes an increase in the average number of compensatory mutations predicted that either: (1) the effect of variation in mutation rates caused by mutagenesis in 49 cases is small relative to from the data. In fact, the average E[C] increases linearly with the variance of the mutation rate distribution, the overall effect of naturally occurring rate variation or (2) estimating the distribution of C by maximum like-1/␣ mut . In Figure 4 , we have plotted the mean values E [C] corresponding to the family of gamma distribulihood is, for some reason, robust to variation in mutation rates. In the following section, we demonstrate that tions shown in Figure 3 , as a function of ␣ mut . According to this linear relationship, the range of values of ␣ mut ϭ the latter explanation is unrealistic.
For a more direct approach to relaxing the assump-0.3-1.6 that have been reported in the literature (Oller and Schaaper 1994; Yang 1996 ; Berg 1999) correspond tion of uniform mutation rates, we replaced the uniform-rates model with a Monte Carlo procedure that to an average number of compensatory mutations E[C] ϭ 16.7-38.0 (Figure 4 ). approximates the distribution p(y, n) (i.e., the probability of observing y mutations in a random sample of n mutants) when mutation rates to C different compen-DISCUSSION satory mutations are each drawn from a prespecified distribution. Previous work has established that site-speSuppressor mutations have a long history of use in molecular biology to reveal functional interactions within and cific variation in mutation rates can be accurately represented by a modified gamma distribution (reviewed in among proteins (Hartman and Roth 1973; Sujatha and Chatterji 2000) . In this study, we have employed Berg 1999), in which the mean is set to 1 and the variance equals 1/␣ mut . We approximated p(y, n) for several data from this literature to infer the overall diversity in the abundance of compensatory mutations, expressed values of ␣ mut , reflecting the range of empirical estimates reported in the literature (␣ mut ϭ 0.3-1.6; Berg 1999).
as a statistical distribution in the number of compensatory mutations per deleterious mutation (C ). Under a As a result, we were able to reevaluate our likelihood analysis of the data for different levels of mutation rate uniform-rates model of random sampling, a gammadistribution function was the most successful representavariation. Maximum likelihood consistently favors an L-shaped gamma distribution of C over the alternative tion of the distribution of C and predicted a mean of tance-conferring allele to the wild type (Maisnier-Patin and Andersson 2004) . However, these compensatory mutations will not always restore fitness completely (Andersson and Levin 1999). Why would a population preferentially retain a costly resistance-conferring allele by fixing a compensatory mutation that only partially restores fitness? Levin et al. (2000) postulate that a sufficiently high rate of compensatory mutation, combined with recurrent bottlenecks in population size, can produce this outcome. If the rate of compensatory mutation is greater than the rate of reversion, then compensatory mutations benefit disproportionately on average from the momentary period of exponential growth following a population bottleneck. This process is named the bottleneck-mutation hypothesis (Levin et al. 2000) .
In computer simulations of the evolution of streptomycin resistance in E. coli (Schrag and Perrot 1996) , compensatory mutations fixed or rose to near fixation Having measured the distribution of C, we can extrapolate from this study to make general predictions about the evolution and maintenance of resistance-conferring E[C] ϭ 11.84 mutations. The success of the gammadistribution function is robust to site-specific variation alleles. The rate of compensatory mutation will exceed the rate of reversion by 10-fold when C Ն 10, on averin mutation rates, which makes this function the best overall representation of compensatory mutation diverage. Given our results, this condition is met by at least 37% of all resistance-conferring alleles with a fitness cost sity to employ in theoretical models of evolution. Furthermore, the mean E[C] varies predictably with the comparable to the streptomycin resistance mutation. Thus, pathogenic populations are able to retain a sublevel of site-specific variation in mutation rates in a linear fashion. For typical levels of mutation rate variation stantial proportion of resistance-conferring alleles despite their selective disadvantage in the wild-type envi-(Berg 1999), E[C] increases about twofold.
What does the shape of this gamma distribution preronment. The bottleneck-mutation hypothesis can also be gendict about the evolutionary consequences of compensatory mutation? Although it is evident from empirical eralized to assessing the role of compensatory mutations in the recovery of fitness from the accumulation of delework that compensatory mutation plays an important role in several aspects of evolution (Schrag and Perrot terious mutations in severely bottlenecked populations. There are several examples of compensatory mutations 1996; Burch and Chao 1999; Kondrashov et al. 2002) , there are as yet few theoretical models in evolutionary outcompeting the reversion of deleterious mutations in the empirical literature. For example, two populations biology in which it is explicitly incorporated. However, in the following section we apply results from a previous of T7 bacteriophage that had been degraded by the accumulation of hundreds of mutations recovered fitinvestigation of the compensatory evolution of resistance (Levin et al. 2000) to identify the range of C where the ness almost entirely by compensatory mutations, upon return to large population size (N Ϸ 10 5 ; Bull et al. evolutionary influence of compensatory mutation eclipses that of reversion.
2003). Similarly, very few of the mutations acquired in the fitness-recovery phase (N Ϸ 10 7 ) of mutationally deCompensatory evolution of resistance: Under strong selective pressure from an antibiotic or pesticide, pathograded populations of foot-and-mouth disease virus (FMDV) represented reversions (Escarmís et al. 1999) . gens can rapidly acquire alleles that confer resistance. However, these resistance-conferring alleles are often
In these examples, the population size during fitness recovery is consistent with the size employed in the accompanied by a reduction in fitness relative to the nonresistant wild type that is exposed in the absence of preceding example of the bottleneck-mutation hypothesis. However, reducing the population size during this the selective agent (Andersson and Levin 1999) . To minimize this cost of resistance in an antibiotic-or pestirecovery phase lowers the threshold amount by which the rate of compensatory mutation must exceed the rate cide-free environment, some pathogens will acquire compensatory mutations instead of reverting the resisof reversion. Thus, all four experimental populations of bacteriophage ⌽6 that were maintained at a small size quires a compensatory mutation at an average distance of 8 mutations. (N e Ͻ 500) recovered fitness by compensatory mutation rather than by reversion (Burch and Chao 1999), even
The biological basis of C: What determines the number of compensatory mutations that can affect a given though the reversion was selectively superior. Not only do we expect compensatory mutations to occur more deleterious mutation? One possible factor is the number of protein interactions encountered by the mutation often, but also we expect the overall rate of fitness recovery to be improved by compensatory mutation. This of a gene product. However, the overall majority of compensatory mutations are intragenic, which suggests that motivates an extension of the bottleneck-mutation hypothesis to determine the degree to which compensathe number of interactions among different proteins may be not as generally important as the complexity of tory mutation may reduce the extinction risk of small populations (Whitlock and Otto 1999) . the protein itself. In addition, our analysis suggests that there are fewer compensatory mutations for a deleteriThe genotype-to-fitness landscape: What does our estimate of the distribution of C imply about the ruggedous mutation in a virus, on average, than in a prokaryote or eukaryote. Viral genes tend to be shorter, which imness of the genotype-to-fitness landscape (Kauffman 1993) ? By intuition, one often equates ruggedness with plies that the size of the gene product constrains the number of possible interactions. We also find that a sigmodality and thus with the number of distinct fitness optima in the landscape. As we demonstrate, however, nificantly greater proportion of compensatory mutations in viruses than in prokaryotes or eukaryotes are this concept of ruggedness is difficult to apply in practice (Horn and Goldberg 1995) . Our distribution of extragenic. This pattern is counterintuitive because many more genes are in prokaryotic and eukaryotic genomes C describes the local ruggedness adjacent to a fitness optimum, in that the first deleterious mutation leads to and consequently a greater number of potential interactions among gene products. However, the unique conat least 11.8 secondary mutations that each ascend a separate fitness optimum. This interpretation, however, straints on viral genomes require viruses to accomplish many biological functions using a limited number of assumes the absence of neutral mutations that may connect separate fitness optima. Furthermore, the total genes. Prokaryotes and eukaryotes, on the other hand, may compartmentalize biological functions into specialnumber of possible mutations is often so large that this local ruggedness represents a negligible fraction of muized genes through a proliferation of gene number and subsequent divergence in function or expression (Lynch tations at a genetic distance of 2. Indeed, we calculate that for a genome of G ϭ 10 6 sites, a random walk from and Force 2000). Finally, mutations that interact with both intragenic and extragenic mutations with equal frea fitness optimum (in the absence of selection) will first encounter a compensatory mutation at an average quency are underrepresented in our data. Whether this pattern reflects a real biological constraint on the range genetic distance of at least 200 deleterious mutations.
For genomes of short lengths, however, this average of functional interactions or an observational bias will require further experimental work. distance is sufficiently short to explain why an average excess of antagonistic epistasis is repeatedly observed in Our ability to determine how C varies in response to biological factors is limited by difficulties in measuring cases of experimental evolution. Such is the case for short RNA sequences (G ϭ 76) studied in silico by Wilke C itself. All empirical investigations are affected by at least one of two detection thresholds, which originate et al. (2003) , where fitness is determined by the conformation of their secondary structure. They were able respectively from variation in the compensatory mutation rate and the mutation effect size. For example, exto detect a significant excess of antagonistic epistasis in random walks in the sequence space over the interval periments that rely on the influx of spontaneous mutations can easily overlook mutations that occur at a very of zero to eight mutations (Wilke et al. 2003) . Furthermore, they determined that this effect was caused by low relative rate. We have corrected our estimates of C for this mutation rate threshold by implementing a variacquiring compensatory mutations in a rugged landscape. Similar results have been obtained in the experiable-rates model, in which individual mutation rates are random deviates from a one-parameter gamma distribumental evolution of proteins. For example, in mutagenized libraries of a single-chain Fv antibody gene, the tion. Good empirical evidence supports the use of this distribution to represent site-specific variation in mutafraction of clones losing gene function decayed linearly with a small number of mutations (Daugherty et al. tion rates (Berg 1999) . It is also difficult to detect compensatory mutations that have only a marginal effect on 2000). However, a significantly greater fraction of highly mutagenized clones, containing 8-22.5 mutations, refitness. Although it is conceivably possible to correct for this detection threshold as well (Otto and Jones 2000) , tain function than that predicted from the effects of fewer mutations. Daugherty et al. (2000) also attribute there is currently not enough information on the effectsize distribution of compensatory mutations. Thus, our this phenomenon to encountering alternative fitness optima in a rugged landscape. If we assume that ‫005ف‬ estimate of the distribution of C is the best that can be achieved with the available empirical data. nucleotide sites in the Fv antibody gene affect function, then our results predict that a mutagenized clone acMany issues remain to be resolved in our understand-
